In this paper, the model predictive control strategy based on input and output data sets for partial differential equation (PDE) unknown spatially-distributed system (SDS) is proposed. The control aim is that the outputs of low-dimensional temporal model reach the set points. Thus, it makes the control design easily and reduces the computational burden. The low-dimensional model is obtained by principal component analysis (PCA) method, and the state of the low-dimensional model is estimated based on spatially-distributed output. The terminal constraints are used to transform the cost function along an infinite prediction horizon into finite prediction horizon. The simulations demonstrated show the accuracy and efficiency of the proposed method.
INTRODUCTION
Model predictive control (MPC) is a powerful model-based control method to deal with process control problems (Dufour et al., 2004; Dubljevic et al., 2004) . It is an optimization based strategy that utilizes a dynamic process model to predict the behaviour of the controller system. At each time step, an open-loop optimization problem is solved that takes into account constraints on the inputs and outputs, and the effect of unmeasured disturbances, and at the next time step, the optimization parameters are updated by means of the output feedback. Researches in the control of SDSs based on model predictive control strategy have involved in intensive effort in recent years. However, most of these control strategies are based on PDE equations with boundary constraints, in which the PDE equations describe the dynamics of system. And there are certain disadvantages associated with the control approaches based on PDE known assumption: the complex controller design and high dimensionality of the controllers for industrial processes, since the mode of the derived ODE system that yields the desired degree of approximation may be very large (Christofides, 2001) ; it may lead to erroneous conclusions concerning the stability properties of the system. Furthermore, many real-world systems have complex and nonlinear characteristics which are difficult to obtain the exact PDE description.
For PDE unknown SDS, the finite and low-dimensional model based on input-output data sets is needed for MPC design. The SVD-KL based MPC control strategy is proposed for the PDE unknown SDS (Zheng et al., 2004) , in which the low-dimensional models are identified based on a combination of singular value decomposition (SVD) and the KL expansion. The nonlinear MPC formulations for SDS are presented on the basis of low-order dynamic models (Aggelogiannaki et al., 2008) . And the nonlinear neural network model predicts the output of the controlled variables directly. Since Principal component analysis (PCA) is a popular approach to approximate the nonlinear SDSs based on input and output data sets, the MPC strategy is proposed based on the on-line correction low-dimensional models (Wang et al., 2010) . For these methods, the control aim in the MPC design is that the spatial output reach the set points. It is difficult to analyze the stability of the close loop system. And the computational burden is heavy. In this paper, the stable MPC strategy based on low-dimensional temporal model is proposed, in which the control aim is that the outputs of lowdimensional model reach the set points.
There are several methods to obtain a stable MPC for the nominal case. One is that the output and input horizons are finite, and stability is obtained through the inclusion of a terminal state constraint (Gonzalez et al., 2009) . Another usual method is based on an infinite output horizon, in which the infinite horizon open loop cost can be expressed as a finite horizon cost with the inclusion of a terminal state penalty (Rodrigues et al., 2003) . And the terminal state penalty is computed through the solution of a Lyapunov equation. In this paper, PCA method is used to determine corresponding temporal coefficients by projecting the spatial output data onto spatial basis functions, and then the state space model is obtained by input data and low-dimensional temporal data. The state observer is proposed to estimate the low dimensional temporal model based on measured output. The terminal state constraint is used to transform the cost function along an infinite prediction horizon into finite prediction horizon.
The paper is organized as follows: In Section 2, the problem formulation and philosophy is presented. In Section 3 the stable MPC strategy design is proposed. Section 4 shows the application to a rod reactor. In this section, we will analyze the results and discuss the advantages of the proposed method. In the last section the conclusion is drawn. 
The n-th dimensional lower temporal linear ARX model is identified by input data
where u d and y d denote the maximum input and output lags respectively, and ( ) e t denotes the model error. The unknown function F can be estimated from the input/output data
Then the finite dimensional model approximated the PDE unknown SDS can be described as follows:
In order to reduce the computational burden, the stable MPC strategy based on low-dimensional temporal model is proposed in this paper, in which the control aim is transformed from the spatial output to the output of lowdimensional model.
Let the state variables are:
and u n and y n denote the dimension of the input and output variables respectively.
The state space model for the low-dimensional models can be written as: 
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where x S and u S are positive matrices.
As ( ) x t can not measured directly, they are estimated based on measured spatial outputs
and P is used to represent the covariance of the state.
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ˆ( | ) X t t refers to the estimate of the states obtained by all the measurements up to t . It can be described as follows:
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Then ( , ) K z t is computed at each step t to minimize the error covariance ( | ) P t t . ( , )
K z t can be obtained by minimizing the trace of ( | ) P t t at each step:
Theorem: If the state observer is fast enough, and the cost function (8) is feasible at time t, then the control sequence obtained from the cost function at the successive time steps can drives the input to the desired target and the output of the closed loop system asymptotically to a point within its range.
Proof: Assume that the state can be obtained by the observer and no disturbance enters the system. And the following variables: 
It satisfies the terminal constraints, and then, it is a feasible solution to (8) 
Since the optimal input defined in (11) is computed at time t, the predicted state corresponding to this input will be the same optimal predicted trajectories at time t. Thus, for any 1 j ≥ :
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Subtracting (19) from (18), the following equation is obtained:
Since the right side of (21) is positive definite, the successive costs are strictly decreasing. Thus, the output of the closed loop system is asymptotically stabilized.
SIMULATION
System Description
In this section, the MPC strategy based on data driven lowdimensional models described in the previous section is applied and evaluated by a simulation study of a rod reactor (Christofides, 2001 ).
The following Figure shows a long thin rod in a reactor which is a typical transport-reaction process in chemical industry. The reactor is fed with pure species A and a zeroth order exothermic catalytic reaction of the form A B → takes place in the rod. A cooling medium that is in contact with the rod is used for cooling. ( ) ( ) ( ) ( ) u t u t u t u t
Fig. 1 A catalytic rod
Under the assumptions of constant density and heat capacity of the rod, constant conductivity of the rod, and constant temperature at both sides of the rod, and excess of species A in the furnace, the mathematical model, which describes the spatio-temporal evolution of the rod temperature, has the following parabolic PDE (Christofides, 2001) : 
subject to the boundary and initial conditions:
where ( , )
β , u β and γ denote the temperature in the reactor, the manipulated input (temperature of the cooling medium), the actuator distribution, the heat of reaction, the heat transfer coefficient, and the activation energy. The following values are given to process parameters, 
Obtain the State Space Model based on Input-Output Data Sets
The input-output database was developed by solving equation (22) 
where rand is a uniform distributed random function on [0, 1].
In this paper, we suppose that there are twenty sensors uniformly distributed in the space domain and choose 500 data uniformly distributed in the time domain. The 300 input signal 1 ( ) u t is shown in Fig.3 . The rod temperature ( , ) 0 y z t = is an unstable spatially uniform steady state (Christofides, 2001) . When the initial temperature of rod deviate is from zero, the rod temperature will reach another unstable steady state if there has not Preprints of the 18th IFAC World Congress Milano (Italy) August 28 -September 2, 2011 control action. In this paper, the control aim is that the rod temperature reaches to a stable steady state ( , ) 0 y z t = . Fig. 7 The final steady state
The performance of proposed methodology is illustrated in Fig. 6 and Fig. 7 . It presents the temperature of the rod and the final steady state at the spatial location. From the following figures, it's shown that the proposed approach achieves a good control performance.
CONCLUSIONS
In this paper, a stable model predictive control configuration for SDS is presented for PDE unknown system. It applies the PCA method to project the spatial input/output data to obtain low-dimensional temporal model. Then the control of the spatial outputs can be transform to control the lowdimensional temporal coefficients. As the state of the lowdimensional temporal model can not be measured directly, the observer to estimate state based on measured spatial outputs. Based on the state estimation the stable MPC strategy is designed and closed-loop stability analysis are proven. The proposed approach achieves a good control performance demonstrated by a simulation case study of a rod reactor.
